With the rapid increasement of space debris on earth orbit, the hypervelocity-impact (HVI) of space debris can cause some serious damages to the spacecraft, which can affect the operation security and reliability of spacecraft. Therefore, the damage detection of the spacecrafts has become an urgent problem to be solved. In this paper, a method is proposed to detect the damage of spacecraft. Firstly, a variableinterval method is proposed to extract the effective information from the infrared image sequence. Secondly, in order to mine the physical meaning of the thermal image sequence, five attributes are used to construct a feature space. After that, a Naive Bayesian classifier is established to mine the information of different damaged areas. Then, a maximum interclass distance function is used choose the representative of each class. Finally, in order to visualize damaged areas, the Canny operator is used to extract the edge of the damage. In the experiment, ground tests are used to simulate hypervelocity impacts in space. Historical data of natural damaged material and artificial damaged material are used to build different classifiers. After that, the effective of classifiers is illustrated by accuracy, F-score and AUC. Then, two different types of materials are detected by proposed method, Independent Component Analysis (ICA) and Fuzzy C-means (FCM). The results show that the proposed method is more accurate than other methods.
I. INTRODUCTION
In recent years, more and more rockets, satellites and probes are launched into the earth's orbit [1] , [2] . Collisions or explosions of these objects have caused a great deal of fragments in all kinds of sizes and shapes and over the years [3] , [4] . In recent years, the HVI risk from meteoroid/orbital debris (M/OD) has become one of the main threats to space activities [5] , [6] , as displayed in Figures1-2. Due to the randomness of M/OD impact events, the impact parameters The associate editor coordinating the review of this manuscript and approving it for publication was Xin Luo . are unpredictable [7] - [9] . To guarantee that M/OD risk assessments are applied for spacecrafts, some effective nondestructive testing technologies should be evaluated for the M/OD impact damages.
Infrared thermography method would be an effective method for damage detection, since that it is a widely applied NDT method with short detection time and does not require direct contact with the specimen [12] , [13] . In the process of detection, the distribution of the Joule heat can be affected by the location of the damages. It is common that the high Joule heat leads to high temperature areas and the low Joule heat leads to low temperature areas [14] . After that, infrared VOLUME 8, 2020 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ FIGURE 1. Development of space debris environment in [5] .
The probability of spacecraft failure in [5] .
camera is used to record the thermal image sequence of specimen and the damage information can be obtained by image sequence.
Recently, there are many algorithms in extracting the damage feature of thermal image sequence, such as independent components analysis (ICA) [15] , [16] , principal components analysis (PCA) [17] , [19] . Both of them focus on the processing of the thermal image sequence. Specifically, ICA in [18] is mainly used to extract the information of surface defects. PCA is applied in [19] to extract the different damage types. Recently, the other researches [20] - [22] studied how to exact the damage information by classifying temperature points of different regions in the image sequence. To search the representative temperature points, the works [20] - [22] adopted K-means and FCM algorithm to distinguish the temperature changes in different positions. These methods in [20] - [22] do not apply target attributes, rather they classify the dataset by using similarity measures [30] . In addition, these methods are not suitable for noisy high-dimensional data [31] and it is hard to know which clustering model is correct and which is the best [32] . Actually, it can be found that the temperature variation of each pixel in the image sequence can be described by some physical attributes, such as temperature change rate, energy, etc. The data set of attributes distribution can be established by mining the physical attributes of historical data. It could be used to build the probabilistic-expression of any physical attribute to be divided in different damage regions. In order to reduce the influence of noise on the division of TTRs and to divide the TTRs by physical attributes, the Bayesian theory is investigated. Naive Bayesian classifier (NB), which assumes that each attribute is conditional independence and has the same impact on the classification, is an effective way to extract the main information. The Bayesian classifier as a data classification method has been developed to calculate probability of category differentiation in a series of practical problems [23] - [25] . For example, Da Silva et al. [25] use NB for detection of transmission line damage. In [24] , it is used for detecting the welded joints based on vibration signals. Thus, it should be a good solution that developing a NB classifier for HVI damage detection, while considering how to classify temperature points of different regions more accurately.
This paper proposes transient temperature attributes to describe the thermal image sequence of the HVI damage evaluation. Moreover, the five transient temperature attributes are applied to build the feature space of the impact evaluation. With the help of the feature space, a variable-interval method is established to seek TTRs from the thermal image sequence. A Bayesian classifier of transient temperature attributes is further built to classify the searched TTRs, to distinguish the temperature changes in different positions. Moreover, the most effective TTRs of different regions can be determined by a maximum-interclass distance function, to make the damage evaluation more efficient. To make the result visible, the Canny operator [26] , [27] is used to extract the edge of the images. In the experiment, two types of aerospace materials with impact damage and artificial damage are utilized to verify the effectiveness and accuracy of the developed method. The main works of this paper are listed as follows: 1) A detection framework for HVI damage assessment is proposed. 2) Some physical features to fully exploit the features to TTR are proposed. 3) A Bayesian classifier is built through the features of TTR, which improves the accuracy of traditional methods.
II. DETECTION FRAMEWORK
Space debris with different size cause varying degrees of impact damage on spacecraft [5] : the ground-based radars or optical-sensor systems can follow the trail of the large-size M/OD objects from m to cm scales, to avoid the impact events of spacecraft. However, the small-size M/OD in mm and µ scales cannot be monitored, so the hypervelocity impacts become inevitable and more dangerous because that the number of small-size M/OD is very high. Obviously, the damage evaluation is very important in the impact risk assessment of M/OD accordingly. Therefore, it should be valuable to evaluate the M/OD HVI damages with a few of effective nondestructive testing methods, which could be also necessary for the M/OD protection design and the ground HVI test for various spacecrafts.
The infrared thermal imaging technology is a fast, convenient and non-contact method that can be used to determine hypervelocity impact damage by recording heat distribution in different areas. In this study, a detection framework based on infrared technology, which does not cause secondary material damage, is proposed to detect the damage of spacecraft material. The infrared technology is considered to be a fast and efficient tool for spacecraft damage detection. It can effectively record the heat distribution of the material, and these collected data can be called the thermal image sequence. An infrared thermography defect detection system is shown in Figure 3 . The signal generator is used to generate the excitation signal, which is a small period of high frequency current. It is applied to drive the flash excitation equipments on the material. Then, the flash excitation equipments will induce light energy and generate heat in the material. Finally, an infrared camera is used to collect the heat distribution of the material.
In general, the image sequence can be represented by a three-dimensional matrix block (S ∈ R N I ×N J ×N T ), where N I × N J represents the size of each image and N T represents the number of frames. In the image sequence, each pixel counts the temperature change of the corresponding location of the material. The temperature changes of each pixel is defined as the temperature transient response (TTR). The typical TTRs are shown in Figure 4 . Since media in different damaged areas are different, the heat transfer process is different and this can cause the differences of TTRs in different damaged areas. Hence, different damaged areas can be identified by judging the difference of TTRs.
As shown in Figure 5 , this detection framework mainly contains three steps. In order to remove redundant TTRs, a variable-interval method is proposed. In order to judge TTRs in different damaged areas, some attributes are proposed to mine the physical features of TTRs, and then a Bayesian classifier is built based on physical attributes. Finally, in order to realize damage visualization, a maximum interclass distance function is used to select representatives to reconstruct damage images and the Canny operator is used to measure the edge information. Finally, we can assess the damage of the material by these images.
III. PROPOSED METHOD
This section will introduce the proposed detection framework in the following.
A. VARIABLE-INTERVAL METHOD
In the collected infrared image sequences, there are many TTRs with little difference. Obviously, these redundant TTRs can affect the efficiency of the detection framework. As shown in Figure 6 , blue and red area represents non-damaged and damaged area respectively. TTRs are taken from different areas (that is, TTR1 and TTR2 are taken from the non-damaged area, TTR3 and TTR4 are taken from the damaged region). They are further drawn in the coordinates. It can be found that TTRs in the same area are similar (TTR1 is similar as TTR2, TTR3 is similar as TTR4). Moreover, these similar redundant TTRs can cause repeated computation in the classifier. Hence, a variable-interval method is proposed to extract the effective information of the image sequence. The method comprises the following steps:
Step 1:
Step 2: Set the temperature T (q), q = 1, . . . , Q to divide the column of S(I * , J * , T * ) into Q + 1 data blocks. Then, calculate the TCR of the TTRs in the v th block, i.e.
Th v RL represents the correlation threshold, and RL v is the row interval, which is initialized to 0. Then, go to Step 3.
Step 3: Set the temperature T (p), p = 1, . . . , P to divide the row of S(I * , J * , T * ) into P+1 data blocks. Then, calculate the TCR of the TTRs in the u th block, i.e. V u (I * , j) = the PCC (Re u CL ) between S u (I * , J u * , :) and each TTR in the
where Th u CL represents the correlation threshold, and CL u is the row interval, which is initialized to 0. Then, go to Step 4.
Step 4: Initialize k = 1 and set X (:, 1) = S(I * , J * , :). Then, compute the Pearson correlation coefficient Re between X (: , k) and S(i, j, :), where i = 1 : n v · RL v : 1 + n Q+1 · RL Q+1 and j = 1 : m u · CL u : 1 + m P+1 · CL P+1 . n v and m u represent the maximum number of sampling points in the v th block and the u th block respectively. If Re < Th, then k = k + 1 and set X (:, k) = S(i, j, :), otherwise remove S(i, j, :).
Based on transient temperature attributes, the TTRs X can be further extracted from the TTRs of the image sequence by utilizing the proposed method. As shown in Figure 7 , the temperature change rate (TCR,
) is used to find the global maximum temperature (S(I * , J * , T * )). Then, according to S(I * , J * , T * ), T (p) and T (q), S is divided into small data block. After that, CL u and RL v are obtained by calculating TCR (V u (i, j) and V v (i, j)) and correlation coefficient (Re u CL and Re v RL ). Next, image sequence (S) is sampled through CL u and RL v , and then Re is calculated. Finally, the effective information is obtained.
B. BAYESIAN CLASSIFIER
After removing the redundant information, TTRs in different damaged areas should be distinguished. In this subsection, the prior information is used to establish a Bayesian classifier and the classifier is used to judge TTRs in different damaged areas.
1) FEATURE EXTRACTION
TTRs are different in different areas since thermal media are different in different types of damaged areas, and they can be described by some physical features through observation. Hence, some physical features are proposed in this subsection to extract the characteristics of the TTR, and these attributes are quantified as follows:
1. Energy (E)
where
where the endothermic process is from t 0 to t mid . α represents the angle between the horizontal direction and the line between x i t 0 and x i t mid . 3. TCR during the exothermic process (V down )
where β represents the angle between the horizontal direction and the line between
5. Maximum temperature (T max )
The corresponding TTR of damaged area (red) and the corresponding TTR of non-damaged area (blue) are shown in Figure 8 . E is described by the shaded areas. V up and V down are displayed by the black and blue dotted line. Purple and green dotted line are used to represent T max and T ave respectively. Since that these attributes are unequal between different areas, they can be used to build the feature space for damage identification. The differences of represented TTPs exacted from TTRs can be used to identify the damaged areas. It is worth mentioning that previous methods distinguish TTRs of different areas by distance or correlation, for example, the correlation function was proposed in our previous works [20] , [21] and FCM was applied in [22] . Although their results are reliable, they do not make full use of the prior information. In addition, since these methods directly process the TTR in the time domain, the classification factors are relatively simple. These issues may affect the accuracy of identifying damaged areas.
2) ESTABLISHMENT OF BAYESIAN CLASSIFIER
In order to improve the accuracy of damaged areas identification, Bayesian classifier is used to mine the difference of TTRs in different areas based on the historical data. The details are as follows:
As proposed in Section III, the transient temperature attributes can be used to describe TTPs. Therefore, the i-th TTP X (:, i) can be labeled by
In addition, c k , k = 1, 2, . . . , K are used to represent the different damaged areas. Before the construction of the Bayesian classifier, the continuous feature values are discretized by the discretization-method given in [28] , the results are shown in Table 1 . From the Bayesian theorem, the posteriori probability is given by
where p(X i |c k ) denotes the likelihood that indicates the distribution of TTR X i in different areas. p(c k ) represents the priori probability of class c k .
Since the Bayesian classifier has the conditional independence assumption, the likelihood is further denoted as follows:
In Bayesian classifier, the category with the greatest posterior probability is considered as the category of the TTR X i , i.e. h nb X i = arg max c k ∈C p(c k |X i ). Since that p(X i ) have no influence on classification, the category of X i can be further determined by:
VOLUME 8, 2020 where p(X i |c k ) and p(c k ) can be trained from historical data. h nb X i represents the final category of X i . The developed algorithm replaces the previous classification methods by building the Bayesian classifier of transient temperature attributes. Since the Bayesian classifier is established by historical data as shown in Figure 9 , the accuracy of the algorithm can be improved by applying the addition of prior information.
Remark 1: Since the damage assessment of HVI research is in its infancy, we don't have a large number of data. In addition, since that we need to detect the damage of spacecraft when it is in the orbit, the detection method should solve the problem quickly and efficiently. Some methods, such as, Random forest (RF), Deep learning, require a large number of samples to build up the classifier. Some methods, such as, Support Vector Machine (SVM), need a large number of iterations in the classification process, which makes some of these methods have low efficiency. Hence, these methods are not suitable for the damage assessment of HVI in the current. However, Bayesian classifier is a probabilistic method which can classify data quickly and efficiently. It has such steady theory basis and simple calculation. Hence, Bayesian classifier is firstly adopted to classify TTRs in the paper.
C. VISUALIZATION
To detect the damages of the hypervelocity impact damage and visualize the results, the detection process is shown in Table. 2:
In Step a), the global maximum temperature S(I * , J * , T * ) is selected by the TCR V (i, j) = S(i,j,t mid )−S(i,j,t 0 ) t mid −t 0 . CL u , RL v are obtained to sample the image sequence. After that, the effective information of the thermal image matrix S is extracted by correlation comparison between sampling TTRs. In Step b), the classified information in different areas is mined by the developed Bayesian classifier established based on transient temperature attributes (E, V up , V down , T ave , T max ).
Step c) finds the regional center of each area X c k m by calculating the mean, and then selects the representative TTR X c k re of each category through the maximum-betweencluster-distance decision function.
Step d) inverts damage image by solving linear model L = G * A T , and then uses Canny operator to realize damage visualization. For the damage image, the image noise is removed by Gaussian filter
Finally, the damage edge is extracted by comparing the high and low threshold H th , L th with the gradient amplitude G (l, h), where g represents the de-noised image.
Remark 2: The detection of spacecraft materials plays an important role in the aerospace field. The method proposed in this paper uses the infrared image sequence to detect the damage of the material in a non-destructive way. The main steps of the proposed method are as follows: Firstly, a variable-interval method is proposed to extract effective information from image sequence. Hence, the efficiency of the method can be improved. The details are explained in Section III-A. Secondly, TTRs are described by establishing physical attributes (E, V up , V down , T ave , T m ax). After that, Bayesian classifier is used to judge TTRs in different damaged areas. The details are explained in Section III-B. Thirdly, the damage of the material is clearly shown with images. In addition, the Canny operator is applied to extract the texture of the damage, and this can lay the foundation for quantifying damage in the future.
IV. EXPERIMENTAL RESULTS

A. THE ESTABLISHMENT OF THE DETECTION FRAMEWORK
For the material with impact damage in Figure 12 (a),
In this section, the detection framework is applied to detect materials of two types of damage (i.e. artificial damage, natural damage). It is worth mentioning that the test pieces in the figure are two different materials(that is, ceramic material and aluminum material). Since the difference in thermal conductivity between the two materials, different NB classifiers need to be built with the historical data of two materials respectively. For the material with impact damage, the Al-alloy projectiles in 3 mm are fired from a two-stage light-gas-gun (LGG) of China Aerodynamics Research and Development Center (CARDC) in Figure 10 .
After these hypervelocity impact tests, the infrared camera is applied to record the surface heat distribution of the thermal protection materials excited thermally by halogen lights, as shown in Figure 11 . The T = 330 frames in image sequences are collected. For the material with impact damage, 300 TTRs from historical data are used to train the NB. Five attributes (E i , V i up , V i down , T i ave , T i max ) are computed and then they are used to build a NB, which can divide TTRs of natural damage into damaged area and non-damaged area. Finally, 156 TTRs, which are different from the 300 train samples, are used to test the performance of NB for natural damage detection. For the material with artificial damage in Figure 12 , the T = 240 frames in image sequences are collected. Moreover, 200 TTRs from historical data are used to train the NB. The establishment process is the same as that for natural damage. Then a NB is obtained and it can used to divide TTRs of artificial damage into two different damaged areas and non-damaged area. Finally, 80 TTRs are used to test the performance of NB for artificial damage detection. The F-score, accuracy, AUC are used to evaluate the performance of the NB, the definition of these parameters are shown in the Appendix, the results are shown in Table 5 . Through these parameters, both natural and artificial damage information can be mined by the NB classifiers. After that, the intervals of step are obtained (RL 1 = 9, RL 2 = 3, RL 3 = 5, CL 1 = 3, CL 2 = 3, CL 3 = 7). Finally, set Th = 0.78, then 301 TTRs are selected from the infrared image sequence.
Then, NB established in Section IV-A is used to judge the areas of 301 TTRs. Firstly, the five attributes of each TTR are computed as follows: E i = X i 2 2 = x i , T i max = max t=1,...,330
x i t . After this step, NB for natural damage detection is used for classifying and the result is shown in Figure 13 . 301 TTRs are divided into 2 categories, where 168 TTRs in the non-damaged position (the blue spots) and 133 TTRs in the damaged position (the red spots). After that, the representative TTR of each class is calculated (Section III-C, Step c)) and the results are as follows: X 1 re = X 2 1 , X 2 re = X 71 2 , where X i 1 , X i 2 represent the TTR of the non-damaged area and damaged area respectively. Then the representatives are used to analyze the advantages of the proposed method.
The representative TTRs of natural damage processed by proposed method, ICA [17] , FCM [22] and the realistic situation are shown in Figure 14 to Figure 17 respectively, where blue curves and red curves represent TTRs in the non-damaged area and damaged area respectively. Since the damaged is doped with air, which has better thermal conductivity, the temperature of this area changes dramatically. By contrast, the temperature of non-damaged area changes relatively gentle. By comparison, since all the attributes are different, the feature space can be used for extracting the information in different areas. In addition, through the comparison of the specific attribute values shown in Table 4 , the attribute values of the proposed method are similar to that of the reality. That means the result of ICA does not have practical significance in the feature space. In addition, the results of new method is more accurate than that of FCM through the comparison of the results of these two methods.
Comparing with the values of these attributes in Table 4 , it can be found that the developed detection method based on the NB classifier has better performance of seeking TTRs, to evaluate effectively the HVI damage. In total, the proposed attributes are effective for the extraction of the natural damage information and the proposed method is more accurate than ICA and FCM.
Finally, in order to visualize the damage, solving the equation in Section III-C Step d) to obtain 2-dimensional images. The results are shown in Table 5 , where the first column contains the images and the second presents the corresponding TTRs. After that, the Canny operator is used to process Figure 18 , the high threshold and the low threshold are set as 0.4 and 0.2 respectively, and the result is shown in Figure 19 . Remark 3: Artificial-selection means that we manually select the TTRs of different types of damages in the standard material. These TTRs are considered as the criteria for evaluating different experimental results. The standard material is a material with known damage. In the process of manually selecting TTRs, we heat the standard material, and then find the Artificial-selection TTRs in the infrared image sequence corresponding to the damaged areas. Figure 20 , where 13 TTRs in the non-damaged position (the blue part), 187 TTRs in the stuffed-hole damaged area (the pink part) and 183 TTRs in the through-hole damaged area (the red part). After that, the representative TTR of each category is calculated and the results are as follows X 1 re = X 2 1 , X 2 re = X 145 2 , X 3 re = X 2 3 , where X i 1 , X i 2 and X i 3 represent the non-damaged category, stuffed-hole damaged category and through-hole damaged category respectively. Then, these TTRs are used to explain the performance of the proposed algorithm.
The representative TTRs of artificial damage processed by proposed method, ICA [17] , FCM [22] and the realistic situation are shown in Figures 21-24 respectively, where blue, red and pink curves represent TTRs in the non-damaged area, through-hole damaged area and stuffed-hole damaged area respectively. Since the through-hole damage is doped with more air, the temperature changes drastically in the damaged area. However, there is no air in non-damaged area. Thus the temperature change is relatively gentle in this area. By contrast, since the material in the stuffed-hole damage has a the poor thermal conductivity, the temperature changes in this area is the most gentle. All the attributes are unequal in different areas, that means the feature space is effective for information extraction. As shown in Table 6 , the specific attribute values of the proposed method are similar to that of the reality. That means the proposed method takes into account the physical meaning of TTRs. In addition, by comparing the results of proposed method and that of FCM. Although TTR of FCM is more closer to the reality in the non-damaged area, the results of the proposed method are more accurate in other two damaged areas. Hence, the proposed method is better than FCM. In summary, the proposed method can mine the artificial damage information based on attributes and the result is more accurate than ICA and FCM.
Finally, the Canny operator is used to extract the damaged areas. The first step is to reverse 2-demensional images using the method in Section III-C Step d). The results are shown in Table 7 . After that, the Canny operator is used to process Figure 25 , the high threshold and the low threshold are set as 0.1 and 0.05 respectively, the edges of the damages are shown in Figure 26 .
Remark 4: It should be emphasized that in the damage assessment of HVI, we need to describe the damage in detail. As shown in Figure 19 and Figure 26 , we use Canny operator to extract the texture distribution of the damage, and we can clearly see the damage of different materials through the damage texture information. Furthermore, we plan to quantify the damage, such as, area, circumference, etc., using this texture information in the future.
V. CONCLUSION
In this paper, a method for detecting HVI is proposed. In the experiment, the NB for materials of different types of damage are established by the historical data. For the natural damage detection, the accuracy, F-score and AUC of NB are 91.15%, 94.23% and 0.9495 respectively. For the artificial damage detection, the accuracy, F-score and AUC of NB are 95.00%, 95.82% and 1 respectively. Then, the proposed method is used for hypervelocity impact damage detection. By comparison with the result of the proposed method, ICA and FCM, we find that the accuracy of the proposed method is better than that of ICA and FCM. In addition, the proposed method is better combined with physical meaning. In total, the detection framework is an effective way in the field of infrared detection for hypervelocity impact.
In the future work, weakening the conditional independence assumption of NB and selecting the appropriate classifier for different data are the focus of the work. In addition, it is worth mentioning that changes in the external environment will have a non-negligible impact on data acquisition. Hence, we will also investigate how to investigate multiple environments in the detection framework in future.
APPENDIX
The F-score, accuracy, AUC [23] , [33] 
